Abstract. Spatial heterogeneity may have differential effects on the distribution of native and nonnative plant species richness. We examined the effects of spatial heterogeneity on native and nonnative plant species richness distributions in the central part of Rocky Mountain National Park, Colorado, USA. Spatial heterogeneity around vegetation plots was characterized using landscape metrics, environmental/topographic variables (slope, aspect, elevation, and distance from stream or river), and soil variables (nitrogen, clay, and sand). The landscape metrics represented five components of landscape heterogeneity and were measured at four spatial extents (within varying radii of 120, 240, 480, and 960 m) using the FRAGSTATS landscape pattern analysis program. Akaike's Information Criterion adjusted for small sample size (AIC c ) was used to select the best models from a set of multiple linear regression models developed for native and nonnative plant species richness at four spatial extents and three levels of ecological hierarchy (i.e., landscape, land cover, and community). Both native and nonnative plant species richness were positively correlated with edge density, Simpson's diversity index and interspersion/juxtaposition index, and were negatively correlated with mean patch size. The amount of variation explained at four spatial extents and three hierarchical levels ranged from 30% to 70%. At the landscape level, the best models explained 43% of the variation in native plant species richness and 70% of the variation in nonnative plant species richness (240-m extent). In general, the amount of variation explained was always higher for nonnative plant species richness, and the inclusion of landscape metrics always significantly improved the models. The best models explained 66% of the variation in nonnative plant species richness for both the conifer land cover type and lodgepole pine community. The relative influence of the components of spatial heterogeneity differed for native and nonnative plant species richness and varied with the spatial extent of analysis and levels of ecological hierarchy. The study offers an approach to quantify spatial heterogeneity to improve models of plant biodiversity. The results demonstrate that ecologists must recognize the importance of spatial heterogeneity in managing native and nonnative plant species.
INTRODUCTION
Most ecological studies prior to 1960 assumed spatial homogeneity to avoid the analytical difficulties posed by heterogeneity Cadenasso 1995, Wiens 1995) . However, ecological systems are inherently heterogeneous at many scales, and ecologists realized the limitations to ecological understanding imposed by the assumption of homogeneity (Wiens 1995) . Ecological studies conducted after 1960 more frequently acknowledged spatial heterogeneity. An early example is the study by MacArthur and MacArthur (1961) , who related bird species diversity to the vertical heterogeneity of vegetation, followed by several other studies (e.g., Roth et al. 1976 , Pearson 1993 , Pearson et al. 1995 , Meyer et al. 1998 , Kie et al. 2002 , Steffan-Dewenter et al. 2002 , Davies et al. 2005 , Kauffman and Jules 2006 . Almost half a century after MacArthur and MacArthur (1961) , the potential importance of the effects of spatial heterogeneity is well recognized (Turner 2005 ), but there is little agreement, and relatively few examples of how to accurately measure heterogeneity at multiple spatial scales (Fortin and Agarwal 2005) .
Spatial heterogeneity is hypothesized as one of the major drivers of biological diversity (Wiens 1976 , Milne 1991 , Huston 1994 , and a number of studies on different species (mostly native) support this hypothesis, however, empirical confirmation from nonnative or invasive species has been scarce (Kauffman and Jules 2006) . Spatial heterogeneity results from the spatial interactions between a number of biotic and abiotic factors and the differential responses of organisms to these factors (Milne 1991) and the organisms themselves (Huston 1994) . It can be manifest at multiple spatial scales and in many variables. Spatial heterogeneity may have significant influences on many ecosystem processes at multiple spatial scales (Turner 1989 , Pearson et al. 1995 , Pickett and Cadenasso 1995 , Kie et al. 2002 . Spatial heterogeneity of vegetation patterns (i.e., landscape heterogeneity) is a structural property of landscapes (Li and Reynolds 1994 ) that can be defined by the complexity and variability of ecological systems' properties in space (Li and Reynolds 1994) . In this study, we considered effects of spatial heterogeneity in soil, topography and vegetation patterns on native and nonnative plant species diversity.
The distribution of plant species diversity from stand to landscape levels is determined by a number of factors such as climate, resource heterogeneity, habitat diversity, patch size and shape, connectivity, diversity of stands across the landscape, stand seral stage, vegetation structure and composition within stands, and disturbance (Rosenzweig 1995 , Szaro and Johnson 1996 , Stohlgren et al. 1998a , Hunter 1999 . Disturbances such as fire, flood, insect outbreaks, and grazing, which occur at multiple scales, affect the spatial and temporal heterogeneity of ecosystems, influence local and landscape level patterns of species diversity, and lead to a patchy vegetation structure (Pickett and Thompson 1978 , Pickett and White 1985 , Stohlgren et al. 1997a . However, the propagation of disturbance in an area may depend on the interplay between disturbance intensity and frequency and the amount of spatial heterogeneity because spatial heterogeneity may enhance or retard the spread of disturbance (Risser 1987 , Turner et al. 1989a . Therefore, it is important to investigate the effects of spatial heterogeneity on plant diversity patterns, especially in areas threatened by habitat loss and invasive species (Stohlgren et al. 1999) .
Several authors have attempted to define spatial heterogeneity (Kolasa and Rollo 1991 , Dutilleul and Legendre 1993 , Wiens 1995 . Li and Reynolds (1994) operationally defined spatial heterogeneity in categorical and numerical maps. In this study, we followed their definition of spatial heterogeneity in categorical maps (we called it ''landscape heterogeneity'') that they defined in terms of five compositional and configurational components: (1) number of patch types; (2) proportion of each patch type; (3) spatial arrangement of patches; (4) patch shape; and (5) contrast between neighboring patches (Li and Reynolds 1994) . Quantification of landscape heterogeneity is needed to investigate its effects on ecosystem processes. Different components of landscape heterogeneity can be quantified in terms of landscape metrics (Gustafson 1998) , which are algorithms that quantify specific spatial characteristics of patches, classes of patches, or entire landscape mosaics (McGarigal and Marks 1995) . Recently, landscape metrics have been successfully used to quantify different aspects of landscape heterogeneity (e.g., Meyer et al. 1998 , Mazerolle and Villard 1999 , Kie et al. 2002 .
Because of economic and time constraints, it is affordable only to measure a small portion (usually ,1%) of any landscape, but resource managers need species distribution information across the entire landscape for planning biodiversity conservation and monitoring. Therefore, predictive distribution models are needed, both for native and nonnative plant species, which can accurately and reliably provide information over the remainder of the landscape (Stohlgren et al. 1997a) . A number of approaches have been used to develop predictive models for native and nonnative plant species richness at different spatial scales. However, most of these have included predictor variables representing environmental/topographic, soil, and biotic heterogeneity (e.g., Stohlgren et al. 1998a , 2000 , 2005 , Davies et al. 2005 , and have largely neglected landscape heterogeneity. Only a few studies have included all five components (as per definition given by Li and Reynolds 1994) of landscape heterogeneity (e.g., Meyer et al. 1998 , Kie et al. 2002 for other taxa, but rarely for plants. Most studies only included one or two components of landscape heterogeneity such as patch characteristics (see review by Mazerolle and Villard [1999] ).
Why should ecologists care about the effects of landscape heterogeneity on plant species diversity? There are a number of factors that influence plant species' ability to disperse, establish, survive and reproduce successfully that may be influenced by configuration and composition of the landscape. For example, the dispersal of plant propagules across the landscape might be affected by the spatial arrangement of patches (e.g., distance between patches, structural contrast among patches, juxtaposition, patch size and shape). Even if a plant species is able to disperse to a site, its reproduction, survival, and establishment will depend on resources available at that site including a number of biotic and abiotic conditions. Edges may facilitate or inhibit species' dispersal depending on their structural characteristics and microenvironment, and the flow of propagules. For example, most nonnative plant species are great dispersers and edges may trap their airborne propagules and facilitate invasion (Brothers and Spingarn 1992, Harrison et al. 2001) . Therefore, areas with many small patches or high edge density are expected to be more prone to invasion by nonnative plant species.
We propose a general methodology that can be used to investigate the role of spatial heterogeneity in influencing patterns of biodiversity. In addition to variables representing environmental/topographic (slope, aspect, elevation, distance from stream or water) and soil (nitrogen, clay, and sand) heterogeneity, we used composition and configuration landscape metrics to characterize heterogeneity in vegetation patterns. The broad research questions we addressed were: (1) Does spatial heterogeneity play an important role in the distribution of plant species richness? (2) Is this effect different for native and nonnative plant species richness? (3) How does this effect change with a change in (a) spatial extent of analysis, and (b) level of ecological hierarchy (i.e., landscape, land cover, and community)? STUDY AREA Our study area comprised ;80 000 ha in the central portion of Rocky Mountain National Park, Colorado, USA. Rocky Mountain National Park extends from 40810 0 N to 40834 0 N latitude and 105830 0 W to 105855 0 W longitude, covers ;107 500 ha with an elevation ranging from 2300 m to over 4300 m above mean sea level, and lies on the Front Range of the southern Rocky Mountains in Colorado (Fig. 1) . The average annual minimum and maximum temperatures are À1.58 and 14.08C (taken near Estes Park, 105830 0 W, 40824 0 N; at 2390 m elevation at the east side entrance of the park). The mean annual precipitation is 36 cm, with the highest proportion in May and July (Ehle and Baker 2003) .
The latitudinal and elevation arrangements of species distributions have been attributed to temperature and precipitation, as typically influenced by elevation and topographic position (Peet 1981 , 1988 , Allen et al. 1991 
METHODS

Landscape mapping/classification
The landscape heterogeneity was represented by an existing digital land cover type map prepared by the Rocky Mountain National Park Geographical Information Systems Program (RMNP GIS Program 1995). The map was developed using a series of 1:15 840 scale color aerial photographs acquired in September 1987 and September 1988. The accuracy of the map is estimated to be 80-85%. This was the best available map for the area that was close to the period (1995) (1996) (1997) (1998) (1999) of vegetation and soil sampling. There were no major disturbances in the area since the acquisition of the aerial photographs and the field sampling. We grouped original map's classes into seven land cover types: conifer, deciduous, grasses, shrub, tundra, willows, and non-vegetated. For example, Douglas-fir, limber pine, lodgepole pine, ponderosa pine, and Engelmann spruce/subalpine fir were grouped into the conifer class; and aspen, cottonwood, alder/aspen were grouped into the deciduous class.
Based on the concept of hierarchical structuring of biological systems (Urban et al. 1987 , O'Neill et al. 1989 we developed plant species richness prediction models at three levels of ecological hierarchy, assuming that measures of spatial heterogeneity may have differential effects at each level of the hierarchy. We classified the highest level in the hierarchy as the landscape level, which is a mosaic of patches of all the land cover types in the study area. The intermediate level of organization was defined as the land cover, which included relatively homogenous cover types, defined by their broad botanical composition (Cherrill et al. 1995) and defined the six classes as conifer, deciduous, grasses, shrub, tundra, and willows. The lowest level in the hierarchy, the community level, included the dominant species-based communities within a land cover type (e.g., ponderosa pine, lodgepole pine, and Engelmann spruce/Douglas-fir, communities within the conifer land cover type).
Vegetation and soil sampling
We sampled 180 20 3 50 m (1000-m 2 ) ModifiedWhittaker, multi-scale plots with the long axis parallel to the environmental gradient (Stohlgren et al. 1998b) between 1995 and 1999. Sample points were located based on stratified random sampling in different vegetation types identified on the color aerial photographs (1:15 840 scale). Each site was sampled as close to peak biomass as possible. Plant species that could not be identified in the field were collected and identified in the herbarium at Colorado State University (Department of Biology, Fort Collins, Colorado, USA). Fewer than 5% of the specimens encountered could not be identified to species due to phenological stage or missing flower parts. In these cases, plants were identified to genus and treated as individual species. Native and nonnative species were classified using local and regional floras. Ancillary data recorded for each plot included location, elevation, slope, and aspect. Plot locations and elevation were recorded using the global positioning system (GPS; Trimble Navigation Limited, Westminster, Colorado, USA), and coordinates were taken using the Universal Transverse Mercator (UTM) system, which provides x, y coordinates in meters from a regional reference point.
Five soil samples were taken in each ModifiedWhittaker plot (one in each corner and one in the plot center) and pooled into one sample (see Stohlgren et al. [1999] for details). The surface litter, if present, was removed, and the top 15 cm of soil was sampled. Samples were air dried for 48 h, sieved with a standard number 10 (2-mm pore size) sieve, ground in a standard three-ball grinder, and then oven-dried at 558C for 24 h. Samples were analyzed for percentage total carbon and nitrogen using a LECO-1000 CHN analyzer (LECO Corporation, Saint Joseph, Missouri, USA; following the methods of Carter [1993] ), and for particle size (clay, silt, and sand fractions) based on the standard hydrometer method (Gee and Bauder 1986) .
Environmental/topographic variables
The environmental/topographic heterogeneity in the area was represented by elevation, slope, aspect, and distance from stream or river. Digital elevation model (DEM) data for the area were downloaded from the National Elevation Data set, U.S. Geological Survey website, to sample elevation (m) for the centroid of each 0.1-ha plot. Subsequently, the DEM grid (30 3 30 m) was used to generate slope (in degrees), and aspect (in degrees) using Environmental Systems Research Institute's (ESRI, Redlands, California, USA) ARC GIS, version 9.0, surface analysis functions. For statistical analyses, we transformed the circular variable aspect into a linear north-south gradient (northness) and an east-west gradient (eastness) by performing cosine and sine transformations, respectively (Guisan et al. 1999 , Gutierrez et al. 2005 . Northness varies from À1 (southfacing) to 1 (north-facing), and eastness from À1 (westfacing) to 1 (east-facing). Both of these variables can be used to define the relative position of a location in two orthogonal aspect gradients (Gutierrez et al. 2005) .
Streams or rivers may affect the distribution and establishment of plant species by influencing seed dispersal and moisture availability. Also riparian zones often contain more nonnative plant species than nearby upland areas (Stohlgren et al. 1998c ). Therefore, we included distance from stream or river as one of the environmental variables in our models. A stream or river network shapefile was acquired from the Colorado Department of Water Resources. After converting it into a raster layer of 30 3 30 m cell size, Euclidean distance for the centroid of each 0.1-ha plot from the nearest stream or river was calculated using Map Calculator in Arc Map of ARC GIS version 9.0.
Quantifying landscape heterogeneity
Landscape heterogeneity was quantified by measuring landscape metrics at four spatial extents. We measured 13 commonly used configuration metrics (landscape level) including mean edge contrast, edge density, mean patch size, patch size coefficient of variation, mean fractal dimension, mean nearest neighbor distance (in m), mean shape index, contagion, cohesion, interspersion/juxtaposition index, patch richness density, Shannon's diversity index, Simpson's diversity index; and one composition metric (class level, PLAND-proportion of the area occupied by each land cover type [McGarigal and Marks 1995] ) representing five components of landscape heterogeneity (Li and Reynolds 1994) . The definitions and formulas for these metrics are given elsewhere (McGarigal and Marks 1995) . These metrics were chosen based on their potential biological relevance to plant species richness, and quantifiable definition of landscape heterogeneity in categorical maps (Li and Reynolds 1994) and their successful use in past studies (e.g., Meyer 1998 , Kie et al. 2002 .
The land cover type map in raster format (ESRI GRID; projection, UTM; datum, NAD 1927; and cell size, 30 m) was used as a basic input data layer for measuring landscape metrics. We used the raster version of the FRAGSTATS, version 3.0, landscape pattern analysis program (McGarigal and Marks 1995) to calculate the landscape metrics. Four nested spatial extents were considered by measuring landscape metrics within varying radii (120, 240, 480, and 960 m) windows. We chose to use circular windows over square assuming that the zone of influence of landscape heterogeneity around vegetation plots may be better approximated by a circle than a square.
The selection of spatial scale to quantify spatial heterogeneity may be critical as spatial heterogeneity is highly scale dependent (Wagner and Fortin 2005) . Spatial scale may refer to both ''grain'' and ''extent'' (Turner et al. 1989b) . In this study, the grain size was fixed because we used the data from the sources with fixed grain size (30 3 30 m) but we varied the spatial extent of analyses. Ecologists studying the effects of spatial heterogeneity on other taxa such as animals and insects generally use home range or territory size or area of an organism's activities (e.g., Kie et al. 2002 , SteffanDewenter et al. 2002 , Boyce et al. 2003 to assess spatial scale of analysis to quantify spatial heterogeneity. However, for plants, such scale is difficult to decide a priori because different plant species may have differential responses to multiple levels of spatial heterogeneity of resources and other covariates. Therefore, the spatial extents of analysis were selected based on the expected dispersal and establishment abilities of the plant species in the area and their expected response to adjacent spatial heterogeneity of soil, topography, and vegetation. We started with the smallest scale as 120 m, assuming that most of the species in the area were at least influenced by spatial heterogeneity within 120 m of their surrounding, and so, considered it to be the smallest zone of influence of spatial heterogeneity. Successive radii were determined by doubling the previous radius. Corresponding areas were 4.5, 18, 72, and 290 ha, respectively. We also conducted spatial analyses at the next successive higher scale (1920 m) but excluded it from the models due to the edge effect from losing many samples at that scale. For each of the four spatial extents, mean values of the environmental/ topographic covariates were also calculated.
Statistical analyses
The estimates of landscape metrics obtained in landscape analyses were used to develop the native and nonnative plant species richness prediction models. In addition, elevation, slope, northness, eastness, and distance from stream or river were used as surrogate variables for topographical heterogeneity. Soil heterogeneity in the models was considered by including the total soil N and percentages of sand and clay (to reduce multicollinearity, percentage silt was not added into the models). Before conducting regression analyses, we tested all the variables for multicollinearity (Neter et al. 1996) by examining cross-correlations among variables (Table 1) . We also calculated variance inflation factors (VIF; Neter et al. 1996) . Since Neter et al. (1996) suggested that multicollinearity is only severe at VIFs . 10, the variables with high VIF (in our models VIF . 2.5) and cross-correlation .60.75 were not included in the same model. We conducted stepwise forward multiple regressions to eliminate insignificant predictors. In all the models we used plant species richness (i.e., number of species per 0.1-ha plot) as a measure of plant diversity. Data distributions that were strongly skewed were transformed prior to analysis. For example, log 10 transformations were performed on total soil N and nonnative plant species richness. Univariate regression was used to identify relationships between various independent variables and native and nonnative plant species richness. Regression analyses were conducted using the PROC REG procedure in SAS software (SAS Institute 2004) , and alpha ¼ 0.05 was used to determine significance level in all cases.
Response variables for the landscape-level models included native and nonnative plant species richness data from 79 plots (0.1 ha) out of the 180 ModifiedWhittaker plots. Since we wanted to consider soil heterogeneity in this study; 80 plots with missing soil data were excluded from the analysis. Further, to account for edge influence in landscape analysis (McGarigal and Marks 1995) , 21 plots falling on the edges were also removed from analysis. For models at the level of land cover type, 79 plots were divided into six land cover types based on their spatial distribution. For example, plots falling on conifer land cover type (i.e., 49 plots) were used as response variables to develop the conifer land cover type's native and nonnative plant species richness models. A similar approach was followed for community-level models. For example, for community-level models, the conifer land cover type plots (49) were further divided into lodgepole pine (24), ponderosa pine (13), and Engelmann spruce/subalpine fir (12). However, because of the inadequate number of samples we could only develop models for the conifer land cover type and the lodgpole pine community.
We used Akaike's Information Criteria (AIC) and the information-theoretic approach (Burnham and Anderson 2002) to evaluate multiple regression models and select the ''best'' models for native and nonnative plant species richness at three levels of ecological hierarchy from a set of candidate models developed at four spatial extents. We assumed normally distributed errors with a constant variance for least-squares regressions, and computed AIC as
where n is the sample size; RSS is the residual sum of squares in the model; RSS/n is the maximum likelihood estimator (MLE); and K is the total number of estimable parameters in the model (including the intercept and residual variance; Burnham and Anderson 2002) . Since the number of samples was small (n ¼ 79) relative to K, we calculated AIC adjusted for small sample size (AIC c ) as follows:
Since AIC c is on a relative scale, we calculated differences in AIC c values as
across all candidate models in the set. The best model has DAIC ci ¼ 0 and only the models with DAIC ci 2 have substantial support (Burnham and Anderson 2002) .
Spatial autocorrelation
Native and nonnative plant species richness data and residuals from the regression models were tested for spatial autocorrelation using Moran's I (Legendre and Legendre 1998). Since the original Moran's I does not vary exactly between À1 and þ1, it was standardized (I std ) by dividing by its maximum attainable value (Haining 1990 , Lichstein et al. 2002 . Spatial correlograms were constructed using I std at 20 distance classes. Each lag distance class was 150 m wide to a maximum distance of 3100 m. However, to ensure the adequate number of site pairs (Fortin 1999) , the first lag distance interval was extended to 250 m (containing 30 site pairs).
Randomization tests (999 permutations) were used to determine the probability of observing a value of Moran's I as large as the observed value (Lichstein et al. 2002 ). Each correlogram was tested for global significance using a Bonferroni-corrected a* of 0.05/20 ¼ 0.0025 (a ¼ 0.05, 20 lags; Legendre 1998, Lichstein et al. 2002) . The significance of I std at each lag distance class was assessed using progressive Bonferroni correction Legendre 1998, Lichstein et al. 2002) . Explanatory variables in the native and nonnative plant species richness models were also tested for spatial autocorrelation. All spatial statistical analyses were performed using S-PLUS (version 7.0) statistical software (Insightful Corporation, Seattle, Washington, USA) and the spatial library written by R. M. Reich and R. A. Davis (unpublished software).
RESULTS
Relationship between measures of spatial heterogeneity and native and nonnative plant species richness
Both native and nonnative plant species richness were significantly correlated with different measures of spatial heterogeneity at four spatial extents. At the landscape level, nonnative plant species richness was significantly negatively correlated with elevation (r ¼ À0.67, P , 0.0001, 120-m spatial extent), slope (r ¼ À0.47, P , 0.0001, 960-m extent), and distance from stream or river (r ¼À0.43, P , 0.0001, 480-m extent). This suggests that nonnative species are more prevalent in lower elevations and resource-rich riverine areas (Stohlgren et al. 1998c) . No relationship was found between native plant species and elevation, slope, and distance from stream or river. However, native plant species richness showed a positive relationship with eastness (r ¼ 0.29, P ¼ 0.011, 120-m extent).
Most of the landscape metrics were correlated with native and nonnative plant species richness. For example, both native and nonnative plant species richness were positively correlated with edge density, Simpson's diversity index, and interspersion/juxtaposition index (Figs. 2 and 3) . A significant negative relationship was found between mean patch size and native and nonnative plant species richness (the correlation coefficient, r, varied from À0.23 to À0.42) at all four spatial extents (Figs. 2 and 3) . Most of these relationships were relatively stronger for nonnative plant species richness.
Predictive models of native and nonnative plant species richness
Predictive models of native and nonnative plant species richness were developed separately at four spatial extents for each of the three levels of ecological hierarchy using landscape metrics, environmental/topographic, and soil variables. Most of the models included at least one or more landscape metric(s), and were highly statistically significant (P , 0.0001). The amount of variation explained by the best models (based on AIC c ) varied from 30% to 70%, and, in general, more nonnative plant species richness variation was explained (Table 2) .
At the landscape level, the best model (lowest AIC c ¼ 366.76, DAIC c ¼ 0) explained 43% of the variation in native plant species richness at the 240-m spatial extent (model 1, Table 3 ) and included predictors from all three groups of variables: environmental/topographic, soil, and landscape metrics. Patch richness density (partial R 2 ¼ 0.125) and soil nitrogen (partial R 2 ¼ 0.110) were among the best predictors of native plant species richness (Table 2 ). Other models explained 18-31% of the variation in native plant species richness (models 2-6, Table 3 ). Landscape metrics alone explained little variation (adjusted R 2 ¼ 0.18) in native plant species FIG. 2 . Relationships between native plant species richness and four measures of spatial heterogeneity in vegetation patterns (mean patch size, edge density, Simpson's diversity index, and interspersion/juxtaposition) at four spatial extents (radii of 120, 240, 480, and 960 m, shown from bottom to top rows, respectively). Transformed data were used where it was appropriate. Relationships were significant at alpha ¼ 0.05, except where noted; r is the correlation coefficient; NS indicates nonsignificant (alpha . 0.05) (landscape level, n ¼ 79, 0.1-ha plots). richness (model 6, DAIC c ¼ 24.41, Table 3 ). However, when coupled with other groups of variables (i.e., environmental/topographic or soil), they significantly improved the models (models 1-3, Table 3 ).
Of the six models evaluated for nonnative plant species richness at the landscape level, the best model (lowest AIC c ¼ À259.33, DAIC c ¼ 0) explained 70% of the variation in nonnative plant species richness (model 7, Table 4 ). In addition to three groups of variables, this model also included native plant species richness as one of the predictors (Table 2) . Mean elevation (partial R 2 ¼ 0.440) and native plant species richness (partial R 2 ¼ 0.208) were the two best predictors of nonnative plant species richness (Table 2) . Other candidate models FIG. 3 . Relationships between nonnative plant species richness and four measures of spatial heterogeneity in vegetation patterns (mean patch size, edge density, Simpson's diversity index, and interspersion/juxtaposition) at four spatial extents (radii of 120, 240, 480, and 960 m, shown from bottom to top rows, respectively). Transformed data were used where it was appropriate. Relationships were significant at alpha ¼ 0.05, except where noted; r is the correlation coefficient; NS indicates nonsignificant (alpha . 0.05) (landscape level, n ¼ 79, 0.1-ha plots).
explained 30-56% of the variation in nonnative plant species richness (models 8-12, At the land cover level, the best models explained 30% of the variation in native plant species richness and 66% of the variation in nonnative plant species richness for the conifer land cover type at the 120-m spatial extent (Table 2) . Edge density (partial R 2 ¼ 0.222) was one of the best predictors of native plant species richness, and elevation (partial R 2 ¼ 0.486) was the best predictor of nonnative plant species richness in conifer land cover type models (Table 2) . At the community level, the best models explained 41% and 66% of the variation in native and nonnative species richness, respectively, for the lodgepole pine community. Edge density (partial R 2 ¼ 0.299) was the best predictor of native species richness, and fractal dimension (partial R 2 ¼ 0.144) was one of the best predictors of nonnative plant species richness for the lodgepole pine community.
At the landscape level, positive spatial autocorrelation was detected in nonnative plant species richness (n ¼ 79, log-transformed; I std ¼ 0.0955, P , 0.0001, global Bonferroni test significant at a* ¼ 0.0025). However, native plant species richness did not exhibit any significant spatial autocorrelation (n ¼ 79, I std ¼ À0.0247, P ¼ 0.70, not significant at a* ¼ 0.0025). The spatial autocorrelation observed in nonnative plant species richness may be a result of their seed dispersal (by wind, water, birds, and animals) pattern or spatially Note: AIC c is the Akaike's Information Criterion corrected for small sample size; K is the number of estimable parameters in the model (including the intercept). structured ecological processes. The Moran's I std spatial correlogram for nonnative plant species richness (Appendix A) showed some significant positive spatial pattern only at two lag distances (i.e., 550 and 1150 m). However, the native plant species correlogram did not show any significant spatial pattern at any of the lag distances (Appendix A). Some of the predictors (e.g., elevation, slope, and interspersion/juxtaposition) also exhibited positive spatial autocorrelation.Residuals from native and nonnative plant species richness models (landscape level) did not show any significant spatial autocorrelation (I std ¼ 0.0172, P ¼ 0.27 for native, and I std ¼À0.0132, P ¼ 0.91 for nonnative). The correlogram for nonnative plant species richness model residuals showed significant autocorrelation only at 250-m and 400-m lag intervals, whereas the correlogram for native plant species richness model residuals did not show any spatial pattern at any of the lag distances. No significant spatial autocorrelation was detected in residuals from the conifer land cover type native (I std ¼ À0.0008, P ¼ 0.56) and nonnative (I std ¼ À0.0385, P ¼ 0.61) plant species richness models, nor for the lodgepole pine community native (I std ¼ À0.0094, P ¼ 0.58) and nonnative (I std ¼ À0.0953, P ¼ 0.21) plant species richness models. The absence of spatial autocorrelation in the nonnative plant species richness model residuals suggest that the spatial pattern in the raw data (i.e., logtransformed nonnative plant species richness) was explained by the spatial autocorrelation observed in some of the predictor variables (Legendre and Legendre 1998) .
DISCUSSION
In this paper, we offer a general approach to quantify spatial heterogeneity to improve models of plant biodiversity patterns. Our approach combined the power of field data, remotely sensed data, and easy-tocalculate landscape metrics that are readily available to many plant ecologists. The methodology presented here is not entirely new to ecologists, as the role of landscape heterogeneity has been recognized in other taxa, especially birds, animals, and insects (e.g., Pearson 1993 , Pearson et al. 1995 , Meyer et al. 1998 , Kie et al. 2002 , Steffan-Dewenter et al. 2002 , Boyce et al. 2003 ), but somehow is relatively less recognized by plant ecologists.
Our results suggest that spatial heterogeneity plays an important role in the distribution of native and nonnative plant species richness across this landscape, and that nonnative plant species are more sensitive to spatial heterogeneity (Table 2, Figs. 2, 3, and 4) . This is consistent with the idea that landscapes with greater heterogeneity can support more native and nonnative species; however, our results suggest that there may be a threshold to the effect of spatial heterogeneity to which plant species are more sensitive (Fig. 4) . The inclusion of landscape metrics as predictor variables along with environmental/topographic and soil variables greatly improved the predictive ability of plant species richness models (Tables 3 and 4 , Fig. 4 ). This suggests that landscape configuration and composition are important determinants of native and nonnative plant species diversity in this study area. However, the relative importance of the components of spatial heterogeneity predicting native and nonnative species richness varied with the spatial extent of measurements and the level of ecological hierarchy (Table 2 , Fig. 4) . Our results demonstrated that the effect of spatial heterogeneity on the distribution of native and nonnative plant species richness was highly scale dependent (Fig. 4) , which is consistent with what researchers have found for other taxa (Pearson 1993 , Pearson et al. 1995 , Kie et al. 2002 , Steffan-Dewenter et al. 2002 . This may be partly due to (1) ''local determinism,'' where species richness at large spatial scales is determined by optimal environmental conditions or local site history and evolutionary history (Ricklefs 2004) ; and (2) current ecological processes operating at various spatial scales.
The stronger response of nonnative plant species to spatial heterogeneity suggests that they may be affected by different measures of spatial heterogeneity than native plant species. This may be because they have not yet had enough time to disperse across the landscape whereas native species have had a long time to establish. The stronger relationship between nonnative plant species richness and edge density and mean patch size (Fig. 3) suggests that their rates of propagule dispersal and potential for establishment and spread may be influenced by edges or disturbances (Harrison et al. 2001) .
Some ecological processes affecting plant species richness operate at small spatial scales (e.g., neighborhood competition, gap dynamics), while others operate at intermediate and larger scales (e.g., fires, climate change). The change in predictive abilities of regression models with the change in levels of ecological hierarchy could be attributed to the changes in plant physiology or morphology (such as conifer or deciduous trees), plant size, and climatic limitations (e.g., tundra vs. forest species), varied light availability to the understory plants, moisture and nutrient availability, or varied levels of dominance of different species in different patches. In any case, we believe that landscape metrics may integrate complex environmental conditions that influence vegetation plots, and, thus, landscape metrics may be important for understanding species composition, invasion, coexistence, and persistence.
Appropriately scaling landscape metrics analyses
In this case study, measures of spatial heterogeneity at an intermediate spatial extent (240 m, i.e., 18 ha) provided the best models that explained the highest variation in native and nonnative plant species richness at the landscape level. The models at successively smaller (120-m) and larger (480-and 960-m) spatial extents explained relatively less variation at the landscape level. For general applications, this suggests that the spatial analyses should be conducted at multiple spatial extents (Pearson 1993 , Pearson et al. 1995 , Kie et al. 2002 , Steffan-Dewenter et al. 2002 and that the identification of an appropriate scale is an important first step in understanding the effects of spatial heterogeneity on ecological processes across multiple spatial scales (Turner et al. 1989b ). The strongest influence of the 240-m spatial extent (Fig. 4 ) on native and nonnative plant species richness in this study may be related to the relatively coarse grain of the Rocky Mountain National Park landscape. Given the range of variation in topographic relief in the study area, the most effective extent may also be related to the coarseness of the environmental variation in this landscape. However, other landscapes with lower topographic variability, different degrees of patchiness of the vegetation, different disturbance regimes, or different species composition may exhibit different spatial extents at which surrogates of spatial heterogeneity will show the strongest influence on patterns of plant species diversity. Therefore, the specific model results developed in this study cannot be directly applied to other regions. Models developed for other regions, or smaller or larger areas in a region, may vary in the intensity of influence of landscape metrics at various spatial extents. In our species richness models, we varied only spatial extent and kept the grain size constant (i.e., 30 m); however, most landscape metrics are also sensitive to changes in grain size and thematic resolution of the input map (Benson and MacKenzie 1995 , O'Neill et al. 1996 , Baldwin et al. 2004 ). In addition, the models developed in this study may also be sensitive to the ''resolution'' at which plant species richness data were sampled (i.e., 0.1-ha plot size used in this field survey). Therefore, more research is needed to investigate the effects of changing grain size, thematic resolution, and sampling resolution on these models.
Improving multi-scale metrics and models in plant diversity studies
Since it is affordable to measure only a small portion of a landscape, predictive models of plant species diversity are necessary for estimating diversity for the remaining parts of a landscape (Stohlgren et al. 1997a) . Advances in modeling complex patterns of plant diversity may require more sophisticated field measurements and landscape metrics than we used. In this study, we only considered between-patch heterogeneity and ignored the fine-scale, within-patch, spatial heterogeneity, which is one of the dominant characteristics of vegetation structure (Lertzman and Fall 1998) that may have strong effects on plant species distributions, specifically on the establishment and spread of invasive plant species (Jurena and Archer 2003) . We considered horizontal (two-dimensional) spatial heterogeneity effects on plant species diversity. However, vertical spatial heterogeneity generated by vertical vegetation stratification also affects plant species diversity. For example, the spatial structure of canopy trees in a forest greatly influences understory plant regeneration and succession patterns (Clark et al. 1996 , Moeur 1997 ) and may affect community structure and biodiversity patterns. Sunlight penetration through the canopy is directly related to the three-dimensional spatial pattern of vegetation and influences the interactions between organisms and their physical environments (Stohlgren et al. 2000) . Although it is difficult to characterize the vertical spatial heterogeneity at the landscape level with commonly used techniques, recently developed lidar (light detection and ranging) remote sensing techniques hold the potential to characterize the fine-scale, within-patch spatial pattern and heterogeneity of canopy structure (Frazer et al. 2005) at the landscape level (Lefsky et al. 2002a , b, Frazer et al. 2005 ). The addition of vertical spatial heterogeneity might greatly improve the present models.
CONCLUSIONS
We showed that spatial heterogeneity may play an important role in determining the distribution of native and nonnative plant species richness. We recognize the importance of landscape heterogeneity when developing species distribution models at landscape or regional scales. Quantitative data on spatial heterogeneity should come from analysis at the scale that most influences plant species composition. Therefore, we also suggest that predictive models need to be developed at multiple spatial scales to determine which scales are the most influential. We are in our infancy in developing generalized theories and methods in quantifying habitat heterogeneity, and we recommend that an experimental approach be taken in further landscape ecology studies including: 1) testing multiple types of remote sensing data (vertical and horizontal imaging) in developing landscape metrics;
2) testing the landscape metrics at several scales (i.e., grain, extent, and thematic resolution) with continuous scaling being most desirable (although it is difficult and computer intensive now);
3) developing separate models for native and nonnative species to gain a better understanding of invasion patterns; 4) using vegetation and landscape hierarchy schemes to produce general models (i.e., for other species at other sites); and 5) merging the types of multivariate models described here with spatial analysis models (e.g., kriging, cokriging) to evaluate the role of spatial autocorrelation in the data.
Finally, we draw attention to the urgency associated with predicting nonnative species invasions to improve understanding and conservation of native plant diversity. nonnative (log-transformed) plant species richness, and residuals from (c) native and (d) nonnative plant species richness models (240 m spatial extent). Open diamonds represent nonsignificance, and closed diamonds indicate significance (one-tailed test (α = 0.05) for positive spatial autocorrelation adjusted using progressive Bonferroni correction Legendre 1998, Lichstein et al. 2002] 
